Nonlinear models are commonly used in plant disease epidemiology to model temporal changes in the proportion of diseased plants (disease index). Most of the times they are fit using linearizing transformations or nonlinear least squares. These approaches assume that the disease index has a normal distribution, that they are independent and that they have constant variance. None of these assumptions can be justified in disease indices. In this paper we apply different strategies to model the progress of papaya ring spot virus in papaya. Using the logistic model we compare different strategies using the SAS ® System. Marginal (population average) and subjectspecific interpretations of the models are discussed.
Introduction
Plant diseases are normally monitored over time, assessing the amount of disease present in a population of plants: the "Disease Progress Curve" represents an interpretation of all host, pathogen and environmental effects occurring during an epidemic (Campbell and Madden, 1990 ). This curve is the disease index (proportion of plants showing symptoms in a plot) as a function of time. It provides a tool for analyzing plant disease epidemics, comparing different conditions (treatments) and predicting disease dynamics.
Four different models are commonly used for disease progress curves: monomolecular, logistic, Gompertz, and exponential. Table 1 presents the form of these models, as a differential equation (indicating rate of disease increase or decrease) or in the integrated form. 
Papaya, Carica papaya L., is a fruit commonly cultivated in the tropics and subtropics. In Puerto Rico, papaya is severely affected by the papaya ringspot virus (PRV) and the papaya mosaic virus (PMV). Both viruses can be transmitted by aphids in non-persistent manner. This means that the virus can be acquired during brief probes, retained for several hours and transmitted to a new host within minutes. So, the chemical control may not be effective preventing transmission. This makes it important to find more effective control methods against aphids and viruses on papaya. Plastic mulch has been an effective control method to delay viral diseases on vegetables (All, 1999) . In the present work we evaluate the effect of plastic mulch and green cover crop (weed) on the delay of viral symptoms on papaya fields. We compare the results of fitting models under different assumptions to see which treatment is best for controlling aphids, and thus indirectly control virus spread in papaya plants.
Materials and Methods
A study was conducted in 2000-01 with the PR 6-65 variety in the Agricultural Experiment Station at Isabela, Puerto Rico. A completely randomized design with five replications was used. The plots consisted of twenty plants at a distance of 3.0 meters between rows and 1.2 meters between plants. The following treatments were evaluated: reflective plastic mulch; black plastic mulch; green cover crop (weeds) and bare ground.
In order to study the progress of the viruses, the disease index (proportion of plants with virus symptoms) was computed for each plot every two weeks. Once a plant showed symptoms, it was classified as diseased for the rest of the experiment. The response was the disease index (proportion of plants with symptoms among the 20 plants in each plot) at each period. The following disease progress models were used: exponential, monomolecular, logistic and Gompertz (Campbell and Madden, 1990) .
The models were fitted using the following strategy: 1. First we assumed approximate normality and fitted the nonlinear models using time, treatment and interaction effects. 2. Lack of fit tests were performed and based on the results of these tests we decided to use the logistic model (Gompertz was also a good alternative) 3. We fitted the logistic model using the SAS ® System with five different methods: Campbell and Madden, 1990) recommend to fit the linearized version of the models. Once the linear regression is done, a model is selected based on the best fit, good behavior of residuals, etc. Inference is based on the linear regression analysis, separately for each treatment. There are several problems with this approach: the errors may not be additive in the transformed scale, and hence the linearized version is not correct, the distribution may not be normal, the variances may not be constant, the treatment comparisons are not done using the full power of a single model, observations of the same plant in different weeks are dependent and observations on the same plot may not be independent (for example, because of contagion). In table 2 we show the results from fitting linearized and nonlinear models. The slopes (parameters of interest related to the spread of the disease) are very different, and the residual plots from the linearized fits show better behavior for the nonlinear fit (figure 1). Table 2 . Slopes estimated using the linearized and nonlinear fit for each of the disease progress curves models (LR=linearized regression, NLR=non linear regression).
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Some solutions to these problems are to use nonlinear models incorporating treatment effects on the intercepts and/or slopes, to consider distributions other than normal (binomial, beta-binomial) and to consider longitudinal data methodology. In order to use nonlinear models incorporating treatment effects, SAS ® PROC NLIN can be used, but one needs to set up dummy variables for treatments and needs initial values of parameters. (As initial values, one could use results from linear regression.) But, since every linearizable model can be written as a generalized linear model, SAS ® PROC GENMOD can be used. This procedure does not require initial values or the specification of dummy variables for treatments (it has a CLASS statement). If none of the available link functions is appropriate, a specific one can be written with the FWDLINK command.
Since there are replicates, tests for lack of fit can be used. In generalized linear models with normal distribution and identity link, the deviance equals the error sum of squares. To obtain the "pure error" we need a model with dummy variables for each time (treatment x time factorial structure). In this case,
For other distributions, the same idea yields likelihood ratio tests for lack of fit: 2 Deviance (reg) -Deviance (ANOVA) χ = As shown in Table 3 , the F lack-of fit tests for all models under the assumptions of normality and independence indicate that the logistic and Gompertz models seem appropriate for these data. From here on, the rest of the modeling strategies use the logistic curve as representative of the disease progress curve of these data.
3. Results Figure 2 shows the fit of the different models to the data under normality and independence. It is clear from this figure that both the logistic and the Gompertz model provide a good fit in all treatments. Neither the exponential nor the monomolecular models are able to model the inflexion point which the data clearly show. The main difficulty dealing with this as a regular generalized linear model is that Y* is not generally binomial because of the possible contagion. Alternatives are using the beta binomial distribution (difficult to consider treatment effects), generalized linear models methods with overdispersion, generalized linear models using marginal expected values and particular correlation structures, and nonlinear mixed models.
In the binomial distribution the variance is determined by the mean. If the binomial assumptions fail (i.e., contagion) the variance may be larger than the one predicted by the binomial mean (Stokes et al., 2001) . In this case an oversidpersion parameter (φ) must be estimated and standard errors and tests can be adjusted to account for this extra variation. Using an overdispersion makes a "quasi-likelihood" function instead of a true likelihood, but the asymptotic properties on which the inference is based do not change (Stokes et al., 2001) . Using SAS ® PROC GENMOD or other software, the overdispersion parameter φ can be estimated as the deviance divided by its degrees of freedom, and the tests are adjusted accordingly.
In order to use marginal models, we specify the marginal means and the marginal correlation between observations taken repeatedly on the same unit: Regression coefficients are interpreted as average effects through the subpopulation having same values of x ("population average inference"). Except in normal linear models (and a few other cases), these regression coefficients are different from the ones estimated in a "subject specific" model, which we will discuss later. SAS ® PROC GENMOD permits fitting the marginal models by using the REPEATED command. In general, there is no likelihood available, and hence the inference is base on a "quasi-likelihood". PROC GENMOD reports "quasi score" tests when fitting these models.
For nonlinear mixed models, the repeated observations from the same plot are correlated because they share the same value of one or more random plot effects. In its simplest form for generalized linear models, the random effect adds a value to the intercept of the linear predictor. In the logistic model that we are using for the papaya data, The interpretation of regression coefficients corresponds to a "typical" subject with a value of the random effect u=0 ("subject specific interpretation"). The fixed effects (for example difference in treatment effects) are controlled by the plot (random effect). This model can be fitted in SAS ® using PROC NLMIXED. A more complicated model can be formulated if individual trees responses (0,1) are used. This formulation models the correlation between repeated observations on the same tree (longitudinal) and between trees on the same plot (contagion): This formulation would require two RANDOM commands in SAS ® PROC NLMIXED, which is not a current option (SAS v.9 ). Alternatively, a more complex formulation could be done using only one RANDOM command by specifying 20 random effects, and indicating the covariance matrix of these random effects as a function of 2 2
, .
The fit of this alternative using SAS ® was not possible because of memory problems. Table 4 shows the estimates obtained by the four fitting methods used. The parametrization used for the treatment effects on the intercept and the slope is the standard one used by SAS ® PROC GLM and GENMOD. We can see that the coefficients are similar under the different modeling strategies, and the standard errors differ markedly. Figure 3 shows the fitted curves for the four different treatments. Contrasts of interest to the researchers are to compare the plastic covers with the control and weed treatments. This can be done in all cases using F or chi-square tests with 4 degrees of freedom (here the contrasts test simultaneously the equality of 2 intercepts and 2 slopes). The results from these tests are presented in Table 5 (for comparison purposes, F and chi-square tests are indicated as generated by SAS ® , and in parentheses we present the equivalent test when not presented by SAS ® ). Another inferential procedure in which there was interest is in predicting the disease index at 90 days after planting, which is an important phenological stage in papaya: at 90 days flowers start to bloom, and if there are fewer plants with virus symptoms at this moment, the damage caused by the disease will be small. Table 6 shows the estimated disease indices for 90 dap for each treatment and each fitting method. This table also presents the width of the confidence interval for this estimate. Table 6 . Predicting disease index at 90 days after planting. Another question of interest is the inverse prediction problem: when would, for example, 50% of the plants show symptoms? This can be expressed as a nonlinear function of the parameters of the model, and thus can be estimated directly using the nonlinear mixed model approach. The other modeling approaches do not directly lead to estimating nonlinear functions of the parameters. In SAS ® PROC NLMIXED, the command ESTIMATE generates point estimates and Wald's confidence intervals. Table 7 shows these estimates. In order to model disease progress curves, it is important to use modeling strategies which recognize the distribution of the dependent variable being modeled and the longitudinal nature of the data. Linearized models with linear regression (PROC REG) yield very different estimates, while non linear models with normality (PROC NLIN or GENMOD) need to take into account actual distribution or longitudinal nature. This can be obtained with binomial distribution and overdispersion (PROC GENMOD / dscale), marginal binomial models (PROC GENMOD / repeated), or non linear models with binomial distribution and "plot" random effects (PROC NLMIXED).
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The marginal model permit "population average" inference, while the parameters in the mixed model have a "plot specific" interpretations (i.e., compare effects in the same plot). The nonlinear mixed model permits the estimation of any function of parameters, while there are no direct ways of doing this with the other approaches.
Currently there is no simple way of fitting in SAS a nonlinear mixed model including both a tree effect and a plot effect (nested random effects).
The models fitted for the papaya data set indicate clearly that there is a treatment effect: both plastic cover treatments delay the presence of symptoms with respect to the weed or bare ground treatments. Among both plastic treatment there are no significant differences, and hence the black plastic cover appears as the recommended treatment (because it is cheaper than silver plastic). 
